Abstract: This paper investigates what factors and characteristics of organic consumers affect annual organic food expenditure by using Nielsen's consumer panel dataset from 2010 to 2014. To be specific, this paper explores new marketing opportunities by investigating organic consumer heterogeneity in different household income levels by utilizing the multilevel model. Findings in this study will contribute to the previous and existing literature in three-folds. First, we find that the organic consumers are more heterogeneous in the high-level of income groups (approximately above $60,000), as well as the low-income households between $35,000 and $45,000. This finding demonstrates that the income levels above $60,000 and around $40,000 have potential market segmentation. Second, we find that that annual organic expenditure is positively associated with consumers who consecutively repurchase organic food products compared to irregular organic consumers, supporting a different level of satisfaction. Third, we find that USDA organic labeling has a positive effect on annual organic expenditure compared to the organic labeling certified by private companies, implying the importance of credibility for the organic labeling.
Introduction
According to the Organic Trade Association (OTA), the total U.S. organic sales and growth increased continuously from 2006 to 2015 ( Figure 1) . Notably, the total organic sales in 2015 are reported $43.3 billion, 11% higher than sales in 2014 (https://www.ota.com/news/press-releases/19031). Considering the overall food consumption per year is limited, the increase in organic food sales indicates the decrease in the share of conventional food in the food market. In this regard, the organic food market has more marketing opportunities compared to the traditional food market. Organic consumers are expected to have different motivations or characteristics compared to traditional consumers. In other words, new marketing opportunities can be derived from currently growing the organic market by segmenting based on the motivations or characteristics of organic consumers.
Due to the rapidly growing demand for organic food products, abundant research has examined consumer motivations of organic food and attitude towards it. Chinnici et al. [1] , Hughner et al. [2] , Schifferstein and Ophuis [3] , and Zanoli and Naspetti [4] review the previous studies on consumer motivations for buying organic food and find that the main motivations to consume organic food are strongly related to health and the environmental consideration compared to conventional food. It is due to the facts that consumers have a belief that organic food is more nutritious than conventional food [5] [6] [7] . Furthermore, the indiscriminate use of chemicals and pesticides used for conventional food production has been significantly connected with environmental deterioration [8] and human health outcomes such as a short-term headache, cancer, reproduction, and endocrine disruption [9] [10] [11] . Due to the rapidly growing demand for organic food products, abundant research has examined consumer motivations of organic food and attitude towards it. Chinnici et al. [1] , Hughner et al. [2] , Schifferstein and Ophuis [3] , and Zanoli and Naspetti [4] review the previous studies on consumer motivations for buying organic food and find that the main motivations to consume organic food are strongly related to health and the environmental consideration compared to conventional food. It is due to the facts that consumers have a belief that organic food is more nutritious than conventional food [5] [6] [7] . Furthermore, the indiscriminate use of chemicals and pesticides used for conventional food production has been significantly connected with environmental deterioration [8] and human health outcomes such as a short-term headache, cancer, reproduction, and endocrine disruption [9] [10] [11] . Another strong motivation, the taste of organic food, is identified by a few studies. Bryła [12] , Chryssochoidis [13] , and Lea and Worsley [14] , for example, show that the taste of organic food is a crucial factor to consume organic products because consumers perceive that organic food has better taste than conventional food. Fillion and Arazi [15] also find that tastes of organic orange juice are better than conventional orange juice. Last but not least, several important motivations, animal welfare and supporting local economies, influence the organic food purchasing attitudes [10] and quality of the product [8, 16, 17] .
An increasing body of literature is focusing on the determinants of organic food demand or expenditure documents that income is mainly suggested as the primary driver to explain the organic food demand or expenditure. Although income is a key factor, there are mixed findings of the relationship between the income and organic food demand or expenditure. Beckmann et al. [18] , Durham [19] , Grunert and Kristensen [20] , and Li et al. [21] show the insignificant effect of income on demand/willingness to pay/probability of purchasing organic food. On the other hand, results of Chen et al. [22] , Dimitri and Dettmann [23] , Jörgensen [24] , and Menghi [25] show the positive effect of income on the consumption of organic food. The contradictory results of the income effect on organic food consumption indicate that the impact of income on organic food consumption is still ambiguous.
This study assumes that the existence of consumer heterogeneity might explain the ambiguous results of the income effect on organic food expenditure according to different household income levels. Cicia et al. [26] mention the organic food consumption is based on the heterogeneous preference for foods. Moreover, Thiele and Weiss [27] find that the household income has a positive impact on the choice of food varieties with ascending order of income. It is therefore essential to identify the heterogeneity of organic food consumers and explore new marketing opportunities for organic food in already matured U.S. organic food market. An increasing body of literature is focusing on the determinants of organic food demand or expenditure documents that income is mainly suggested as the primary driver to explain the organic food demand or expenditure. Although income is a key factor, there are mixed findings of the relationship between the income and organic food demand or expenditure. Beckmann et al. [18] , Durham [19] , Grunert and Kristensen [20] , and Li et al. [21] show the insignificant effect of income on demand/willingness to pay/probability of purchasing organic food. On the other hand, results of Chen et al. [22] , Dimitri and Dettmann [23] , Jörgensen [24] , and Menghi [25] show the positive effect of income on the consumption of organic food. The contradictory results of the income effect on organic food consumption indicate that the impact of income on organic food consumption is still ambiguous.
This study assumes that the existence of consumer heterogeneity might explain the ambiguous results of the income effect on organic food expenditure according to different household income levels. Cicia et al. [26] mention the organic food consumption is based on the heterogeneous preference for foods. Moreover, Thiele and Weiss [27] find that the household income has a positive impact on the choice of food varieties with ascending order of income. It is therefore essential to identify the heterogeneity of organic food consumers and explore new marketing opportunities for organic food in already matured U.S. organic food market.
The primary objective of this paper is to investigate the possible organic consumer heterogeneity according to different household income levels by utilizing Nielsen's consumer panel data from 2010 to 2014. Specifically, this study tries to focus on the organic market segmentation, since the U.S. organic markets have matured with the rapid growth in organic sales. The multilevel model allows for the segmenting of the organic food market based on household income heterogeneity. Employing the multilevel model also makes a difference for our study compared to previous and existing studies that investigate the probability of buying organic products [19] , or estimate the likelihood of market participation and consumption level by focusing a specific category of organic products [28] [29] [30] . A multilevel model is estimated that accounts for the possibility of consumer heterogeneity at different income levels while controlling for unobservable heterogeneity in household income effects on organic food expenditures (One way to control the unobservable individual characteristics or motivations about organic food could be the fixed effect model (FE) or random effect model (RE). However, Sustainability 2018, 10, 3166 3 of 17 the variation of the marginal income effect in each household is difficult to capture using FE or RE). A further expansion is to include USDA labeling as knowledge/awareness of organic foods. Gifford and Bernard [31] , Krystallis and Chryssohoidis [32] , and Li et al. [21] argue that knowledge of organic food is an important factor for purchasing behavior of organic food. This study hypothesizes that organic consumers tend to buy more organic products with USDA labeling compared to other third party organic labeling services due to the lack of knowledge and credibility. Additionally, we examine the overall satisfaction between two groups of organic consumers by hypothesizing that annual organic expenditure is influenced by repurchasing organic consumers than irregular organic consumers. Previous studies such as Chinnici et al. [1] , Grunert [33] , and LaBarbera and Mazursky [34] find that repurchasing behavior of organic food is strongly correlated with satisfaction. In this regard, we impose a strong assumption that consumers who are satisfied with previous organic food consumption consequently result in forming a repurchase intention for organic food.
Data
This study uses Nielsen Company's consumer panel data to estimate U.S. organic food expenditure (The Nielsen company's consumer panel data is provided by James M, Kilts Center for Marketing at Chicago Booth and Nielsen Company. More information about Nielsen consumer panel can be found at http://research.chicagobooth.edu/nielsen/). The Nielsen Marketing Data is composed of the consumer panel and retail scanner data. The consumer panel data consists information about product purchases made by a panel of consumer households across all retail outlets in all U.S. markets including food, non-food grocery items, health and beauty aids, and select general merchandise. The data contains 40,000 to 60,000 U.S. households per year. On the other hand, the retail scanner data includes weekly purchases and pricing data generated from participating retail store point-of-sale systems in all U.S. markets. Consumer panel data is the primary source of data for this study since the consumer panel dataset contains detailed demographic information for households, not in the retail scanner data (Both datasets could be combined based on uniquely assigned household ID. However, combining the two datasets results in missing observations.). An annual consumer panel is utilized from 2010 to 2014, to analyze the recent trends in organic food consumption. This study uses annual data due to the difficulty of capturing the income variation in weekly or monthly data compared to annual data. Additionally, we focus only on organic consumers by excluding non-organic consumers who never purchased organic food in our data period (Before we exclude non-organic consumers, we find that the proportion of organic households out of total sample are 49.79% in 2010, 51.70% in 2011, 51.17% in 2012, 50.90% in 2013, and 48.65% in 2014, respectively. This implies that about 50% of respondents in Nielsen consumer panel purchase organic products at least one time in a year). The exclusion allows for marketing opportunities for the mature U.S. organic market to explored [35] . After selecting households who purchase organic food at least once between 2010 and 2014, we have an unbalanced yearly panel of households from 2010 to 2014, with a total of 154,308 observations. On an annual basis, the number of observations is 30,194, 32,100, 30,973, 31,097, and 29,944, respectively (Additionally, we looked at the total quantity consumed in each year to illustrate the buying patterns of organic households. The total quantity consumed for the organic products are 572,021 in 2010, 662,203 in 2011, 660,304 in 2012, 685,645 in 2013, and 574,984 in 2014, respectively). Table 1 shows descriptive summary statistics with the expected signs for all variables used in this analysis. For income, the expected sign on organic expenditure is positive unless organic food is found to be an inferior good. In the original consumer panel dataset, the income variable is composed of 16 different categories. However, the income effect on organic expenditure is expected to be different based on each household's income level. It is because the household income has a hierarchical order of positive effect on the food varieties as income increases [27] . For this reason, the income variable is converted to a continuous variable by using the average to capture variations in different income categories. For example, if income category for household i is between $5000 and $7000, the income value of $6000 is assigned to the household i. Other demographic and socioeconomic variables are included in this study. The variable of children under six is created as a dummy variable because it is expected to be positively associated with organic expenditures since parents are more likely to consume organic food if they have young children [36, 37] . All the race dummy variables are expected to be unknown compared to the based group, white (i.e., Caucasian), due to the unknown preference of organic food in each ethnic group. The level of education is hypothesized to be positively associated with organic expenditure. This is because the majority of previous studies find that consumers with a higher level of education tend to buy more organic products compared to consumers with a lower level of education [38] [39] [40] [41] . The head of household age is expected to be unknown since there is no clear evidence of a relationship between age and organic food consumption. This study incorporates nine different regional dummies including a base region, which is the New England region, to control regional heterogeneity, and an expected sign of regional dummy variables are unknown. For marital status, this study cannot expect estimated signs for married households whether they consume more or less organic food than married households since there is no clear logic to explain relationships. According to Thompson [42] , for example, the Hartman group find more willingness to purchase organic foods in the married people; whereas the results of Groff et al. [43] show that the marital status does not statistically influence organic food consumption. For the variable of USDA, households are expected to consume more if USDA organic labeling is attached to organic products compared to the labeling certified by third parties (i.e., private companies). This is because consumers might have different perception regarding the labeling of organic products based on the origin of the certificate. According to Li et al. [21] , the effect of USDA organic labeling on total expenditure is expected to be high compared to the third party organic labeling due to the relatively high awareness of USDA labeling (According to the USDA, the USDA organic seal is defined as an official mark of the USDA Agricultural Marketing Service (AMS)), and it was first published with the implementation of the National Organic Program that was established in 2000. (Please see more detail about the USDA organic seal at https://www.ams.usda.gov/sites/default/files/media/Using%20the%20Organic% 20Seal%20Factsheet.pdf). Nielsen consumer panel dataset includes the following information: "organic claim description" and "organic seal description." In this study, we defined the USDA organic labeling if and only if "organic seal description = "USDA Organic Seal". Additionally, the proportions of households with USDA organic seal based on "organic seal description" are 71.65% in 2010, 71.19% in 2011, 72.61% in 2012, and 73.75% in 2014, respectively.
Although the variable of income is the primary variable of interest in this study, we incorporate a variable called "repurchase" represented as a dummy variable with the following hypothesis: Total expenditure of organic food is more likely to be influenced by repurchase consumers than others with a single purchase. Chinnici et al. [1] , Grunert [20] , and LaBarbera and Mazursky [34] document that repurchasing behavior of organic food is strongly correlated with satisfaction. In other words, if consumers are satisfied with the consumption of organic foods from their previous purchase, then those consumers are more likely to repurchase organic food next time. In this regard, we include the variable of repurchase as a proxy for the satisfaction of consumer for organic food by imposing a strong assumption that household i are satisfactory for organic food if he/she consecutively more consumes the organic food from the previous period. Also, we consider the consumption difference between t and t − 1 because there might exist consumers who buy organic products with curiosity. Thus, the variable of repurchase takes on the value of 1 if household i consumes organic food in current year consecutively from the previous year and if their quantity consumed in time t is greater than or equal to the quantity consumed at time t − 1.
Since several studies such as Dynan [44] and Fuhrer [45] assert that the current consumption is significantly affected by previous consumption, we expect the variable of repurchase is positively associated with organic expenditure.
The Empirical Model
This study employs a multilevel model framework focusing on the effect of organic consumer heterogeneity on organic expenditure rather than the choice of organic or conventional foods. Additionally, a multilevel model has the following econometric advantages. First, the clustering means covariate in the multilevel model allows to control potential endogeneity issues in level 2, the household characteristics in this study [46] . Secondly, capturing the random errors in the level 2 allows for the estimation of differences of coefficients in level 2. Third, fixed effect estimators used in multilevel models are unbiased even though there exists multicollinearity in level 1 [47] . Fourth, the multilevel model allows for the control of sample selection bias. Grilli and Rampichini [46] find that the unbiased estimators are obtained by utilizing a multilevel model even though the unobserved factors exist either at the higher or lower level.
The multilevel model is estimated with a log-linear functional form for two reasons. First, the log transformation of the dependent variable is more amenable to interpreting the elasticity as the percent change. Second, this paper uses the box-and-whisker plots and the univariate kernel density estimation to select the functional form for the dependent variable. Figure 2 shows the difference between linear and log dependent variables, and we find that the distribution of a log dependent variable (b) is closer to normal distribution compared to the linear dependent variable (a). Also, Figure 3 shows the results of box-and-whisker between the two functional forms (linear and log) of the dependent variable. We find that there are more outliers in the linear functional form compared to the log transformation of the dependent variable. More outliers infer a higher variance and consequently result in a heteroscedasticity problem [48] .
Before we estimate the multilevel model, we test multicollinearity based on Variance Inflation Factor (VIF) whether two or more of independent variables are strongly correlated or not, and we find there is no firm evidence of multicollinearity (i.e., VIF < 10). Finally, the log-linear multilevel model is specified by the following equation:
where i is the level 2 (household), t is the level 1 (year), C_Income it = Income it − Income i , π i0 = β 00 + δ i0 , and π i1 = β 01 + δ i1 . By substituting π i0 and π i1 , Equation (1) can be rewritten as:
By clustering random and fixed parts, Equation (2) where β 00 denotes the intercept; β 01 , β 02 , β 03 , β 04 , β 05 , β 06 , β 07 , β 08 , β 09 , and β 10 represent the level-1 estimators; δ i0 , δ i1 , and ε it are the error terms. In detail, δ i0 represents the level 2 error variance in the intercept and δ i1 is the level 2 residual variance in the level-1 slope of ln(C_Income) it ; ε it represents the entire model's errors subtracting the level-2 variances.
factors exist either at the higher or lower level. The multilevel model is estimated with a log-linear functional form for two reasons. First, the log transformation of the dependent variable is more amenable to interpreting the elasticity as the percent change. Second, this paper uses the box-and-whisker plots and the univariate kernel density estimation to select the functional form for the dependent variable. Figure 2 shows the difference between linear and log dependent variables, and we find that the distribution of a log dependent variable (b) is closer to normal distribution compared to the linear dependent variable (a). Also, Figure 3 shows the results of box-and-whisker between the two functional forms (linear and log) of the dependent variable. We find that there are more outliers in the linear functional form compared to the log transformation of the dependent variable. More outliers infer a higher variance and consequently result in a heteroscedasticity problem [48] . factors exist either at the higher or lower level. The multilevel model is estimated with a log-linear functional form for two reasons. First, the log transformation of the dependent variable is more amenable to interpreting the elasticity as the percent change. Second, this paper uses the box-and-whisker plots and the univariate kernel density estimation to select the functional form for the dependent variable. Figure 2 shows the difference between linear and log dependent variables, and we find that the distribution of a log dependent variable (b) is closer to normal distribution compared to the linear dependent variable (a). Also, Figure 3 shows the results of box-and-whisker between the two functional forms (linear and log) of the dependent variable. We find that there are more outliers in the linear functional form compared to the log transformation of the dependent variable. More outliers infer a higher variance and consequently result in a heteroscedasticity problem [48] . The primary difference between the multilevel model and OLS regression model is the error terms. The regression model has only one error term whereas the multilevel model divides a single error term into three with level 1, level 2, and variance-covariance in level 2. For a hierarchy framework, there are assumptions made about the disturbances. Based on Steenbergen and Jones [49] , the five assumptions, which are common in multilevel models, are imposed in this analysis. The first assumption is no systematic parameter noise or level-1 noise, and this can be defined as
Since the multilevel model estimators are estimated based on these variance components, all disturbance terms are assumed a constant variance in level-1 and level-2. The third assumption, which is defined as Cov[δ i0 , δ i1 ] = τ 0 τ 1 , comes from a correlation between the level-2 disturbances on the intercepts and slopes. In general, the level-2 units with small slope have small intercept or large slope have large intercept conversely, and the covariance term τ 0 τ 1 captures the relationship between the intercepts and slopes. The fourth assumption is that δ i0 and δ i1 are assumed to be normally distributed similar to the ε it . Combining all four assumptions above, the level-1 disturbances from a normal distribution are distributed with mean 0 and variance δ 2 , and the level-2 disturbances from a bivariate normal distribution are distributed with mean 0 and variance-covariance matrix is defined as following: 
, ε it ] = 0 indicates that the errors between level-1 unit on the dependent variable, and the location of slopes and intercepts are uncorrelated. This paper employs the log-likelihood test to evaluate the usage of a multilevel model compared to a single-level regression. The null hypothesis of the log-likelihood test is that there is no significant difference between the two models. Therefore, the multilevel model specification can be justified as a proper model compared to the single-level model based on the log-likelihood test result. Table 2 represents the results of random effects test including models with a centering (cluster mean covariate method accounting for endogeneity) and without centering. The random effect parameters show the variance and covariance matrix for intercept and income. Based on the results of the log-likelihood ratio test, this study finds that the multilevel model specification is better than the single-level regression model by rejecting the null hypothesis that single-level regression model is preferred to the multilevel model specification. 
Results

Log-Likelihood Ratio Test for Multilevel Model vs. Linear Regression
Chi-square 80,735.42 82,698.12 p-value 0.0000 0.0000
Note: Standard errors are reported in parentheses. Table 3 shows the results of multilevel models with centering and without centering. Since the mean centering method can control the potential endogeneity problem in level 2 [46] , the model with centering is our benchmark model. In Table 3 , most of the estimated signs are consistent with our expected signs presented in Table 1 . Compared to white households, Asian households consume about 23 percent more on organic food whereas black households spend 13.7 percent less. For different levels of education, this paper finds that households who have college graduate or higher degrees of education consume more organic food compared to those who have a high school diploma or less. This finding could be explained that advanced degrees lead to higher income and better knowledge about potential health outcomes to purchase organic (The mean difference in annual income between households with high school or less and other is approximately $20,000). Nine different regional dummies are included to control for the possible regional heterogeneity. Interestingly, households in the Pacific region consume more organic food than New England, and this finding is consistent with our expectation in that the majority certified acres of organic farmland are located in the Pacific region according to USDA Economic Research Service (https://www.ers.usda. gov/data-products/organic-production/). The other seven regions consume less organic food relative to New England. This result may reflect that the overall income level in coastal areas in the U.S. is relatively higher than in other regions based on our data. As of 2017, the total estimated population of all coastal states was 252,771,773, which is approximately 77.7% of the total U.S. population.
Furthermore, this study finds if households are married, then they consume more organic food than households who are single including widowed and divorced households. Notes: Significance levels are indicated by *, **, and *** for 10, 5, and 1 percent significance level, respectively. SE is a standard error. AIC and BIC represent Akaike Information Criterion and Bayesian Information Criterion, respectively.
For income, which is one of our primary variables of interest, this study finds that income has a statistically significant impact on annual organic expenditure. Based on an estimated coefficient of centered income, on average, $1000 increases in annual income will result in increasing annual organic food expenditure by 0.1%, ceteris paribus. Figure 4 shows the sunflower plots between the deviation in income coefficient and income level based on results from the post-estimation. This paper utilizes sunflower plots rather than scatter plots since sunflower plots are useful to display high-density bivariate data [50] . Since we have many observations for each household income level, sunflower plots are helpful to understand the shape of distribution for the deviations in income coefficient along with the different income levels. Specifically, the Figure 4 represents how each household's income level deviates from the average income coefficient (β 01 ) where 1 petal equals 1793 observations. As shown in Figure 4 , the deviations from the average income effects are overall increasing as income increases, except for the interval between $40,000 and $50,000. One possible explanation might be explained by Supplemental Nutrition Assistance Program (SNAP) that allows the low-income households to buy organic food. This also support the less heterogeneity (i.e., narrower distribution) in the group of the low-income households. Sustainability 2018, 10, x FOR PEER REVIEW 10 of 17 In addition to the main variable of interest, household income, this study finds that organic products labeling certified by USDA is associated with a 0.6% increase in annual organic food expenditure compared to the organic products certified by third parties (i.e., private companies). This finding implies that consumers have different attitudes toward organic products based on labeling, even though the products are the same as organic. Furthermore, we find that the total expenditure of organic food is positively associated with repurchasing consumers compared to consumers who consume organic food irregularly. This finding could be explained by Díaz et al. [51] in that frequent organic consumers are more willing to pay a premium price for organic good compared to other groups of consumers. Thus, there is a need to create and develop current marketing strategies to satisfy consumers for increasing sales from current organic consumers and to attract new customers.
Comparison with the Previous Findings
Compared to the previous studies on organic expenditure, the factors used in this study to explain organic expenditure are consistent with the most previous studies. To be specific, the variable of white is consistent with Alviola and Capps [28] and Dimitri, M. Venezia, and States [52] who show that white households are the least likely to consume organic milk compared to other races. According to the positive impact of education, this result is supported by similar findings in Sandalidou et al. [53] and Yue et al. [54] . The negative impact of age on organic expenditure is consistent with Detre et al. [55] in that they find that Millennial-aged students are more likely buy organic produce. Additionally, Govindasamy et al. [56] find that respondents who are over the age of 50 consume organic products 17 percent less than younger counterparts. Although most of the variables in this study show similar results with the previous studies, we find that the deviations from the average income effects differ from Thiele and Weiss [27] who show that the positive income effect on consumers' choice of food varieties with ascending order. Our finding, however, shows that the variations of income effect are wider in high-income households (more than $60,000), implying that high-income households may have a desire for a variety of organic foods compared to the lowincome households. In addition to the main variable of interest, household income, this study finds that organic products labeling certified by USDA is associated with a 0.6% increase in annual organic food expenditure compared to the organic products certified by third parties (i.e., private companies). This finding implies that consumers have different attitudes toward organic products based on labeling, even though the products are the same as organic. Furthermore, we find that the total expenditure of organic food is positively associated with repurchasing consumers compared to consumers who consume organic food irregularly. This finding could be explained by Díaz et al. [51] in that frequent organic consumers are more willing to pay a premium price for organic good compared to other groups of consumers. Thus, there is a need to create and develop current marketing strategies to satisfy consumers for increasing sales from current organic consumers and to attract new customers.
Robustness Tests
Comparison with the Previous Findings
Compared to the previous studies on organic expenditure, the factors used in this study to explain organic expenditure are consistent with the most previous studies. To be specific, the variable of white is consistent with Alviola and Capps [28] and Dimitri, M. Venezia, and States [52] who show that white households are the least likely to consume organic milk compared to other races. According to the positive impact of education, this result is supported by similar findings in Sandalidou et al. [53] and Yue et al. [54] . The negative impact of age on organic expenditure is consistent with Detre et al. [55] in that they find that Millennial-aged students are more likely buy organic produce. Additionally, Govindasamy et al. [56] find that respondents who are over the age of 50 consume organic products 17 percent less than younger counterparts. Although most of the variables in this study show similar results with the previous studies, we find that the deviations from the average income effects differ from Thiele and Weiss [27] who show that the positive income effect on consumers' choice of food varieties with ascending order. Our finding, however, shows that the variations of income effect are wider in high-income households (more than $60,000), implying that high-income households may have a desire for a variety of organic foods compared to the low-income households.
Robustness Tests
This paper conducts several robustness tests. First, we estimate different functional forms between log-linear and linear-linear, and we find that all estimated coefficients in our benchmark model, which is log-linear functional form, are robust with linear-linear functional form (Results with different functional forms are not provided but can be provided upon reviewer's request.). Second, we divide our sample into four different subgroups based on state income levels and re-produce the sunflower distributions for the four different groups (Our sample is divided by following two steps. First, we split states of the U.S. based on the U.S. median household income during 2010-2014. Second, states above the U.S. median household income are divided above and below 50%. Similarly, states below the U.S. median household income are divided above and below 50% (see Table A1 ). Figure 5 shows the sunflower distributions of four different groups, and we find that the shapes of the distributions in Figure 5 are similar with Figure 4 , except group 2 in that the deviation of the income effect is lower in group 2 compared to other groups, especially income interval between $20,000 and $40,000. Furthermore, the deviations of income effect for the high-income households are not significantly different according to Figure 5 . This paper conducts several robustness tests. First, we estimate different functional forms between log-linear and linear-linear, and we find that all estimated coefficients in our benchmark model, which is log-linear functional form, are robust with linear-linear functional form (Results with different functional forms are not provided but can be provided upon reviewer's request.). Second, we divide our sample into four different subgroups based on state income levels and re-produce the sunflower distributions for the four different groups (Our sample is divided by following two steps. First, we split states of the U.S. based on the U.S. median household income during 2010-2014. Second, states above the U.S. median household income are divided above and below 50%. Similarly, states below the U.S. median household income are divided above and below 50% (see Table A1 ). Figure 5 shows the sunflower distributions of four different groups, and we find that the shapes of the distributions in Figure 5 are similar with Figure 4 , except group 2 in that the deviation of the income effect is lower in group 2 compared to other groups, especially income interval between $20,000 and $40,000. Furthermore, the deviations of income effect for the high-income households are not significantly different according to Figure 5 . Third, we estimate the multilevel model with mean centering for the four different subgroups separately based on state income levels. Table 4 shows the results of the multilevel model for four different subgroups with the mean centering. By comparing the four models with our benchmark model in Table 3 , we find that the estimated signs and coefficients of our benchmark model are robust with the results of the four models. However, the primary variable, income, is only robust with the last two models. To be specific, the income variable is found insignificant in group 1 and 2 that state income levels are above the U.S. median income level, implying that consumers living in high-income Third, we estimate the multilevel model with mean centering for the four different subgroups separately based on state income levels. Table 4 shows the results of the multilevel model for four different subgroups with the mean centering. By comparing the four models with our benchmark model in Table 3 , we find that the estimated signs and coefficients of our benchmark model are robust with the results of the four models. However, the primary variable, income, is only robust with the last two models. To be specific, the income variable is found insignificant in group 1 and 2 that state income levels are above the U.S. median income level, implying that consumers living in high-income states do not statistically influence total organic expenditure. This finding could be supported by the facts that the share of high-income households is very high in the high-income states compared to the low-income states. Furthermore, the insignificant income effect could be explained by a lack of accessibility. Even though households have a high income, total organic expenditure might not be significantly affected if they have a lack of accessibility to purchase organic food. Notes: Significance levels are indicated by **, and *** for 10, 5, and 1 percent significance level, respectively. Standard errors are reported in parentheses.
Conclusions
This paper investigates what factors and characteristics of organic consumers affect annual organic food expenditure by using Nielsen's consumer panel dataset from 2010 to 2014. To be specific, this paper explores new marketing opportunities by investigating organic consumer heterogeneity in different income levels utilizing the multilevel model. Although there is abundant literature on consumers' consumption of organic foods, our findings fill in a gap by providing implications and contributions to the existing literature on organic expenditures. First, our findings show that the organic consumers are more heterogeneous in the high-level of income groups (approximately above $60,000) due to the broader deviations of the household income effect. One possible marketing strategy for the high-income group of households is that retailers should open exclusive organic food outlets, such as Fresh Market. Another possible strategy could be developing diverse organic products since the desire for the number of organic offerings is increasing in the income level. For low-income customers (approximately between $35,000 and $45,000), we find that the deviations are narrower (i.e., households are less heterogeneous) than the high-income group but increasing along with the income level. Thus, we suggest that the possible marketing strategy for the low-income customers (approximately between $35,000 and $45,000) is to enlarge the existing organic food sections in the grocery stores regarding diversity. One possible marketing strategy for the low-income households is giving promotional information to the low-income households rather than high-income households. This is because low-income households are more sensitive to the price of organic products compared to the high-income households. Another possible strategy is to enroll more organic foods in the food stamp program, also known as Supplemental Nutrition Assistance Program (SNAP). Since SNAP provides a monthly supplement for buying nutritious food especially to low-income families, low-income consumers can access more the organic food by enrolling the food stamp. Second, the proxy variable of the consumer satisfaction for organic foods, repurchase, is positively associated with organic food expenditure. It is an important finding since the organic food market in the U.S. has matured. However, most of the previous studies have focused on the relationship between satisfaction and organic food purchase intention or between organic food attributes and organic food purchase intention. Thus, our results suggest that previous studies should be expanded to investigate the repurchase behavior rather than purchase behavior for organic food. It is because the relative importance of factors to repurchase intention for organic food may be different with factors to purchase intention. The positive effect of the repurchase variable, a proxy for the satisfaction of organic products, on organic expenditure implies the importance of consumer management. Considering the matured organic markets in the U.S., managers in grocery stores need to develop such a customer care program or sales/marketing management to manage the existing organic customers, as well as inducing new potential organic consumers. Third, we find that USDA organic labeling has a positive effect on annual organic expenditure compared to the organic labeling certified by private companies. This finding implies that the signaling effect from the different labeling results in a different impact on organic expenditure even though they provide the same information as organic products. Also, organic consumers might have a stronger perception of USDA labeling than third-party organic products due to the credibility. To compete with the USDA labeling, third-party auditors and food companies should address additional information about awareness and credibility, in addition to their basic food safety and nutrition concerns of the organic food products. For example, increasing portion of the package most likely to be seen by customers at the time of purchase by including ingredient state and other product information might help to increase organic sales.
This study can be extended in four different ways. First, the level of consumer satisfaction might vary based on different time dimension, which can be justified based on the subject of the researcher and the primary purpose of the research. Therefore, monthly or weekly data with a different methodology could be employed to investigate and capture the different level of the satisfaction in organic food for the future study. However, it will be challenging especially in the field experiment compared to survey method to match income data up with a disaggregated variable. Second, this study can be extended by dividing organic foods into specific categories because consumers might have a different level of satisfaction in different categories of organic food. Third, determinants of the significant deviations for income effect in low-income states compared to high-income states could be investigated to understand aspects of organic consumers. Forth, investigating the factors that explain the different effects of certification between USDA and third parties might expand organic market sizes or shares in the U.S.
